groups or other criteria such as sequence similarity, profiles 1 Present address: University of Cologne, Institute of Biochemistry, or interactions with the whole protein structure. The aim is to Zülpicher Straβe 47, D-50674 Köln, Germany find fragments similar to the target structure, i.e. to perform a 2 To whom correspondence should be addressed structure prediction as correct as possible. The success achieved for protein structure prediction of For this purpose several different fragment data banks have loop regions with insertions and deletions by knowledgebeen developed in the past, but most of them are based on a based methods depends on the quality of the underlying relatively small number of proteins. For example, Sibanda et al. information, i.e. a fragment data bank as complete as (1989) considered exclusively β-hairpins from 62 proteins. possible is needed. However, the greater the number of Claessens et al. (1989) , Summers and Karplus (1990) and proteins contributing to the data base the more redundant Levitt (1992) built loop data banks with 66, 31 and 76 proteins, information is included, which leads to structurally similar respectively. proposals in loop predictions and to longer times for Unger et al. (1989) showed that about 100 representative extracting fragments. So it is not only necessary to increase hexamers taken from 82 well refined proteins with about the number of proteins for building the loop data base but 13 000 different overlapping hexamers can replace about 76% also to cluster the resulting fragments according to their of their basis fragments and can be joined together to cover structural similarities in order to remove redundancy.
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99% of the structures. Nevertheless, it is necessary to increase Here, a new, non-redundant fragment data bank is the number of proteins contributing their fragments to the data described, which is based on all proteins in the Brookhaven base in order to increase the accuracy of the predicted Protein Data Bank (release 7/95) with a resolution ജ2.0 Å structures, especially in loop regions. So Martin et al. and which can be updated easily by including new informa- (1989) looked for appropriate fragments to predict the tion from structures to be solved in the future. In the complementarity-determining regions of antibodies in the clustering process presented, the resulting clusters are whole Brookhaven Protein Data Bank (Bernstein et al., 1977) . optimized in several cycles until self-consistency. In this Additionally, they combined their knowledge-based procedure way all redundant information is removed without loosing with conformational search and Fidelis et al. (1994) even any significantly different fragments. Finally the resulting preferred conformational search predictions because of the fragment data bank is analysed with respect to its comincompleteness of fragment data banks from known structures.
pleteness.
However, in any case, the number of possible conformations Keywords: clustering algorithm/knowledge-based loop predicor fragments increases exponentially with the number of tion/loop data bank/protein structure prediction residues. Limiting conformational search to a manageable number of fragments in terms of time means a rougher sampling with increasing loop length. For this purpose Moult Introduction and James (1986) use knowledge about resolved structures to select backbone dihedrals for the construction of possible With the rapid rise of known protein sequences, methods for fragments and to derive rules to exclude fragments. In contrast protein structure prediction such as 'modelling by homology' to this, Bruccoleri and Karplus (1987) developed an energybecome more and more important. The available methods for based criterion for the selection of appropriate backbone comparative model building of protein cores work well, at conformations. But this criterion is applied only to a limited least if a certain sequence identity is given, but it is still number of basic conformations using a dihedral grid of 15 or difficult to predict loop regions with insertions and deletions 30°steps. These considered conformations are incomplete, (Mosimann et al., 1995) . The core structures are taken from too. Knowledge-based methods, however, have the advantage the homologous template proteins and each loop is defined by to consider at least all frequently occurring, i.e. energetically two anchoring groups which are connected with the new favoured, fragments. fragment of a given length and sequence. One possibility to Nevertheless, the number of structures included in the predict these loops is a free search for appropriate fragments fragment data bank should be as high as possible. On the other in the whole conformational space with methods like those of hand, the more fragments are contained in a data bank Moult and James (1986) or Bruccoleri and Karplus (1987) .
the more structurally similar loops are included creating an But the costs in terms of time for these ab initio searches rise unwanted redundancy. This increases the time used for the with increasing fragment lengths. On the other hand, Jones loop prediction and leads to proposals of structurally similar and Thirup (1986) were able to reconstruct the backbone of fragments. For example, if a helical loop fits well onto the the retinol binding protein with fragments from only three anchor groups of the template protein, the first 600 proposals proteins, resulting in the idea to predict loops using data banks with fragments from proteins with known structures. might be helical loops, whereas the first clearly different and Unger et al., 1989 √ and Rooman et al., 1990) . Fechteler et al. (1995) built two 4n different data banks for loop prediction by clustering fragments taken from 127 proteins and Kwasigroch et al. (1996) constiwith n ϭ number of residues in the fragments, a i ϭ coordinate vectors of N-, C α -, C-and O-atoms in n residues of fragment tuted a bank of loops from three to eight residues long selected from 243 protein chains. Recently Martin and Thornton (1996) A and b i ϭ coordinate vectors of N-, C α -, C-and O-atoms in n residues of fragment B. used a clustering technique for classification and analysis of loop predictions in homologous proteins.
Fragments were grouped into the same cluster if the difference between the distances of the first and the last C α -atoms Here, a new, non-redundant fragment data bank founded on 409 proteins is presented. It includes all structures in the is below 2ϫ0.8 Å ϭ 1.6 Å and if the r.m.s. deviation, r.m.s.d., of both fragments is Ͻ0.8 Å. The distance criterion is a first Brookhaven Protein Data Bank release July 1995 (Bernstein et al., 1977) with a resolution ഛ2.0 Å and Ͻ95% sequence quick filter considering the fact that fragments with greater differences in this distance do not fit well onto the same anchor identity to each other, and has the advantage that new fragments from structures to be solved in the future can easily be added.
groups in a template. The r.m.s. threshold was set in view of the accuracy of force field minimizations which usually follow For the creation of this data bank, a new clustering procedure was used which guarantees that each fragment in the data the insertion of fragments during loop prediction. The chosen method, i.e. obtaining an overall r.m.s.d. Ͻ0.8 Å after aligning basis has a representative within a certain similarity threshold and that the root mean square (r.m.s.) deviations of all only the ends instead of the whole fragments, is a more stringent and realistic requirement. This is justified by the fact representatives to each other are higher than this limit. A further advantage of this fragment data bank is that during the that during loop prediction the fragments can only be fitted onto the anchor groups of the template, and the aim is to get clustering process the similarity of the fragments is measured after fit of their ends which simulates the situation during proposals with different shapes in their new environment. In order to cluster~90 000 fragments in a reasonable time, structure prediction allowing an effective decision, whether they differ significantly in their new environment.
the described algorithm had to be modified. In a preceding step, all fragments with an r.m.s. deviation of Ͻ0.25 Å to one In this paper the clustering procedure and the resulting fragment data bank are described. Additionally, the comanother are eliminated. They do not participate in the clustering process, but increase the weighting factors of their nearest pleteness of this data bank is examined.
neighbours. This is allowed as structures of fragments with Methods r.m.s. deviations below this limit are not significantly different with respect to the standard error in X-ray crystallography. All In July 1995 the Brookhaven Protein Data Bank (Bernstein et al., 1977) contained 1511 protein structures with a resolution remaining fragments are structurally compared with each other. Pairs with r.m.s. deviations Ͻ0.8 Å are sorted according to ഛ2.0 Å. After removal of all protein chains with Ͼ95% sequence identity a data basis of 442 protein chains from 409 increasing differences. This list is then handled from top to bottom, pair by pair, distinguishing the following three cases. proteins resulted. From this pool all fragments with three to 12 residues were extracted. To remove redundant structure (i) Two clusters with only one member are merged to a common cluster. Representative of the new cluster is the information these fragments were clustered according to their structural similarities with the aim to obtain clusters containing fragment with the highest weighting factor or the first one, if the weighting factors are equal. This is allowed because the fragments as similar as possible with representatives as different to those of the other clusters as possible. The clustering clusters are optimized in several cycles at a later stage (see below) and because at the end of the procedure each fragment algorithm used here is a modified version of the hierarchical ascending classification method, which has been described by has at least one representative with an r.m.s.d. Ͻ0.8 Å. The weighting factor of the new cluster is the sum of those of both Jambu (1976) and has been applied to protein fragments by Rooman et al. (1990) and Fechteler et al. (1995) .
members.
(ii) If one fragment, e.g. X i , of the actual pair (X i , Y i ) is At the beginning of the clustering process, each fragment builds a cluster of its own. Subsequently, in each step, the already part of a cluster A with more than one member, the r.m.s. deviation of Y i to the representative of A is calculated. most similar clusters are merged. The procedure is terminated when a predefined number of classes has been achieved, or if
If it is Ͻ0.8 Å, Y i is included into the cluster A. Y i can only become representative of the cluster A if its weighting factor a certain threshold of similarity between the clusters has been exceeded.
is higher than that of the present representative. The new weighting factor is the sum of both old ones. Here, the structural similarity of two fragments A and B with n residues each is determined by the following method.
(iii) Two clusters with both having more than one member are merged if the r.m.s. deviation of their representatives is In a first step, an r.m.s. fit of N-, C α -and C-atoms of the first and last residues is performed by the procedure of Diamond Ͻ0.8 Å. The determination of the new representative and its weighting factor is the same like in the first case. (1988) . Choosing these particular atoms followed the results of examinations for a new algorithm for the selection, sorting
At the end of this step all fragments which participated in the previous clustering process are classified into a cluster and insertion of loops (work in progress). In this orientation the square root of the average square geometric distance of with a representative.
In the next step, the r.m.s. deviations of all fragments from list with representatives is self-consistent. This means that the clustering process passes several cycles in which decreasing numbers of fragments take part. In every cycle it is checked only for the actually participating fragments whether they are similar to the representatives of their clusters. Therefore, it is possible that some early eliminated fragments from the original data basis are not well-represented in the final data set, because their representatives have become part of larger clusters in following steps when these particular fragments were no longer considered as individuals. Because of this a final check is necessary.
All fragments of the full data basis are compared with all representatives giving a list of fragments which have an r.m.s. deviation to the most similar representative ജ0.8 Å. Only these fragments are clustered again, each with a weighting factor of one and the resulting list of their representatives is added to the list with the final representatives. This way it is guaranteed that each fragment of the original data basis has a representative with an r.m.s. deviation Ͻ0.8 Å and that the r.m.s. deviations of all representatives to each other is ജ0.8 Å.
For an update of the fragment data bank, at first all new fragments are clustered with the method described. Subsequently, the representatives of the existing fragment data bank and those of the new fragments are merged and clustered again.
Results
The resulting fragment data bank is based on all overlapping peptides with three to 12 residues from the 504 non-interrupted protein chains in the 409 Brookhaven files. The number of Table I scale). The dots show the data for the full fragment data bank, the squares and Figure 1 . As longer peptides have a greater variety of those for a data bank based on about 5000 fragments from 50 protein chains.
significantly different conformations, the number of clusters rises rapidly with increasing fragment length. The graph of the number of clusters against the fragment length has a sigmoid shape. This can be linearized on a double logarithmic scale (Figure 1 ) if only fragment lengths three to five are members in a cluster. For example, each fragment can be assigned only to the most similar representative or to all considered. Beginning approximately with fragment length six the increase of clusters is reduced clearly. One reason may be clusters with a representative within the r.m.s. limit. The results of these procedures are shown in Tables II and III . In both that from this fragment length on the number of allowed conformations is additionally reduced by crossing over effects, cases the percentage of clusters with only one member rises rapidly with increasing fragment length. The differences for the smallest strainless cyclic peptides with all-trans-conformation show five residues (Lübke et al., 1975) .
between corresponding percentages in Tables II and III diminish  with increasing fragment length, which shows that for small In any case, this point of inflection does not give any hint to the completeness of the data bank, because even a data fragments the representatives are more similar to each other and the clusters show more overlap than for longer fragments. bank with only about 5000 fragments shows a sigmoid graph of the number of clusters against the fragment length with Following the investigations of Fidelis et al. (1994) , the completeness of the data bank may be estimated from these nearly the same location of the point of inflection. It only shows a slower increase to a lower maximum value (Figure 1) . data. They assessed the completeness of a data bank containing all fragments from 57 proteins without clustering them. For The clusters of the data bank are overlapping, i.e. fragments may be similar to more than one representative. Therefore this purpose they calculated the r.m.s. deviations of all possible fragment pairs and determined how many fragments have a there are several possibilities to determine the number of Each fragment is assigned only to the most similar representative. The clusters of the data bank are overlapping, which means that fragments may be similar to more than one representative. In contrast to Table II , here each fragment is assigned to all representatives with an r.m.s. deviation Ͻ0.8 Å.
certain number of partners within an r.m.s. limit of 1 Å. From containing four residues can be estimated to be nearly complete, but for longer fragments the completeness decreases rapidly. the distribution of fragments having 1 to n similar partners they estimated the number of missing fragments.
For example, for fragment length twelve more than half of the fragments added to the data base give new clusters. In analogy, we used the number of members in the clusters to estimate the amount of missing fragments in our data base.
These results are confirmed by a further analysis. All 637 to 682 fragments with three to 12 residues from five recently Assuming this procedure is valid, it can be concluded that the fragment data bank presented is complete for fragment length solved well-refined structures (PDB codes: 1ctj, 1iro, 1lkk, 1xyz and 2phy) were compared with the representatives of the three, nearly complete for fragments with four residues and subsequently the incompleteness rises rapidly. In order to fragment data bank and all fragments with an r.m.s. deviation Ͼ0.8 Å to the most similar representative, i.e. new putative estimate the completeness of the data bank more exactly, the dependence of the number of clusters on the size of the representatives, were counted. Table V shows the percentages of these 'new' fragments for all lengths. fragment basis has been analysed. For this purpose the clustering algorithm described above was applied to increasing Discussion numbers of protein chains. For each new data base the number of additional clusters relative to the number of additional A fragment data bank has been created with the presented clustering algorithm, which can be used for knowledge-based fragments was determined.
The values shown in Table IV suggest that the representatives loop prediction. The analysis of data bank completeness shows that many with three residues are complete. The clusters with fragments by conformational search methods. Additionally, the information about the population of a fragment might be exploited by an algorithm for the selection of appropriate peptides in loop prediction and the data bank can easily be updated by including new fragments from high resolution protein structures which possible fragments are still missing, especially in the case of will be solved in the future. longer loops, and at first glance it seems to be much less complete than the data bank which has been analysed by Conclusion Fidelis et al. (1994) , who found that their data bank begins to A new fragment data bank which is based on all well-refined be incomplete at fragment length seven. However, when protein structures in the Brookhaven Protein Data Bank, release comparing these two data banks it has to be taken into account July 1995 (Bernstein et al., 1977) is presented. It consists of that here an r.m.s. limit of 0.8 Å instead of 1 Å was used a file with the representatives for each fragment length. These which was assumed to be a more realistic requirement by contain the names of the Brookhaven files from which the Fidelis et al. (1994) and by us. If in the analysis described coordinates can be read, the Brookhaven-number of the first above the r.m.s. limit had been set to 1 Å, the incompleteness residue in the fragment, the sequences of the fragments and would begin at fragment length six or seven (Table V) . In the numbers of members in the clusters for single and multiple addition, we use a more stringent low overall r.m.s.d. after assignments (see Tables II and III) . These files occupy about aligning the ends instead of the whole fragments. These 13 MB disk space. They can be downloaded from the ftp.uniconditions invoke a lower completeness of the data bank koeln.de directory /institute/biochemie/pub/loop_db. In order presented, but they raise the accuracy of possible predictions.
to use them for loop prediction from these files all information Altogether the fragment data bank presented summarizes about the representative fragments can be extracted and can the structural information of all well-refined proteins in the then be stored in a way that they can easily be accessed by a Brookhaven Protein Data Bank (Bernstein et al., 1977) known program with a selection algorithm. to date. From this wide data basis not only surface loops but
The redundancy of structural information in the data base all existing overlapping fragments have been considered, in has been removed completely by merging structurally similar contrast to, for example, Kwasigroch et al. (1996) . The fragments into clusters. Although this fragment data bank is similarity criterion used is very strict. Instead of measuring not complete, it is suitable for knowledge-based loop predicthe sum of the squared Euclidian distances from the cluster tions, being founded on the structural information of all centres (e.g. Fechteler et al., 1995) or the inter-C α -distances currently known, well-refined protein structures and containing (e.g. Rooman et al., 1990) , here, r.m.s. deviations after fit of the fragments are considered. In contrast to less stringent r.m.s.
at least the most frequently occurring fragments.
